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Introduction
The accumulation of intangible assets like the education of the labour force or the abilities to participate in the innovation process play a key role for economic growth in countries and regions. Investments in knowledge and education can generate substantial returns over the long run. Human capital accumulation is a cornerstone in models of endogeneous growth, see the seminal papers of Lucas (1988) and Romer (1990) . Some authors have treated human capital as an input to the production process like any other factors. Its accumulation leads to increased capital deepening and a period of accelerated growth (Mankiw, Romer and Weil, 1992) . Others like Aghion and Howitt (1992) have emphasized the critical role for the discovery and adaption of new ideas and innovations. According to that view, human capital is essential to transform ideas and innovations into new processes and products. Therefore, the Lisbon and Barcelona European councils have stressed the important role of R&D and innovation. One goal is to increase the investment in R&D to 3 percent of GDP.
The policy implications of distinguishing between the role of education as a factor of production and a factor that facilitates the diffusion of technologies are quite substantial.
In the former, the utility from an increase in education is equal to its marginal product, which is proxied for example in terms of higher income or a higher probability to stay in the labour force. In the latter, the benefit is expressed in terms of a sum of its impact for all future output levels, since education raises total factor productivity growth and the speed of technology diffusion. Moreover, the growth record might depend to a larger extent on the stock of human capital, rather than on the changes, see Romer (1989) and Benhabib and Spiegel (1994) . However, Krueger and Lindahl (2001) did not find strong evidence for the human capital stock. Instead, changes of the respective variables seem to be more important for income growth.
Despite the theoretical claim for the vital role of human capital to explain the process of economic growth, empirical evidence has been not overwhelming. Variables on educational attainment often appear to be insignificant or show even the wrong sign in cross section or panel regressions, where regional GDP per capita growth is explained by initial income and a number of additional factors, including human capital measures. See for example Pritchett (2001) . Other researchers have emphasized that the role of human capital is largely overstated and stressed the reversed direction of causality (Bils and Klenow, 1999) . Nevertheless, the empirical results may also be driven by the poor quality of the data, see Cohen and Soto (2001) and De la Fuente and Doménech (2006) . Therefore, the construction of indicators to investigate the impact of human capital and to test conflicting hypotheses on its transmission channels to long run economic growth is of central relevance.
Because human capital is a multidimensional phenomenon, suitable proxies are not easy to find. Many researchers have focused on educational attainment, since this information is readily available. Typical measures include the years of schooling or the percentage of the labour force with secondary or tertiary education or rates of enrollment, see Lee (1993, 2000) . However, these variables approximate only particular elements and neglect other aspects of human capital resources, like training on the job, specific knowledge or the previous working experience. As a consequence, they might blur the actual impact of human capital.
The construction of composite indicators can be an important step forward to overcome these deficiencies. They are able to handle a broader range of aspects and transform complex information into a unique measure. Hence, they may be easier to interpret than a bulk of univariate indicators. On the other hand, judgement is highly involved at several stages of the construction process. For example, the selection and weighting of the ingredients could have a crucial impact on the results. Thus, sensitivity analysis is required as a check for robustness. This paper provides a comprehensive analysis of alternative human capital indicators available at the EU regional level. Regions are defined according to the NUTS1 and NUTS2 classifications. Examining the spatial dimension can offer new insights. Most striking, the amount of information is tremendously enlarged, while the evidence is less affected from omitted variable bias. In contrast, studies based on the country experience rely on a high number of observations only if very heterogeneous economies are included. The heterogeneity cannot be captured in a cross section and is proxied by fixed effects in a panel environment. But even the latter approach is not fully convincing, as structural differences across countries are hardly constant over longer time intervals. As the EU or at least the old and the new member states are more homogeneous geographical areas, the quality of the results should be enhanced. Furthermore, regional innovation clusters and areas of economic growth not necessarily linked to national borders can be explored within this framework.
In addition to univariate measures of human capital, composite indicators are discussed.
To examine the robustness of the results, different aggregation methods are considered.
The reliability of alternative indicators is investigated by using the Krueger and Lindahl (2001) approach. In addition, indicators based on wage regressions are presented, see Mulligan and Sala-i-Martin (1997) and Gershuny and Kun (2002) . As an example, the earnings potential in a region is estimated. Due to data availability, these regressions are carried out for only for German NUTS1 regions.
The paper is organized as follows: Univariate measures of human capital are presented in section 2. To get an impression on the location of innovation areas, the spatial distribution of knowledge and education is also addressed. Section 3 discusses basic methodologies to construct composite indicators and benchmarks to evaluate their overall performance. In particular, the information content of the indicators to capture human capital resources can be assessed via reliability ratios. After introducing the theoretical concepts, multivariate indicators are constructed in the next two sections. In section 4, univariate indicators are aggregated to obtain the composite measures. As an alternative, indicators based on labour income are derived from wage regressions (section 5). Section 6 offers the conclusions.
2
Univariate indicators for human capital To investigate whether the particular human capital component is related to the process of economic growth, Barro type growth regressions can be used as a workhorse, see for example Sianesi and Van Reenen (2003) . This approach can also test the suitability of univariate indicators in the composite index. Income per capita growth is regressed on several factors, including initial per capita income and particular human capital measures. However, as the regressions investigate the relationship between education inputs and economic outputs without looking at the process linking them, this approach should be applied with caution. The results may suffer from omitted variable bias and reversed causality, see Bils and Klenow (1999) . Among others, education can respond to the anticipated rate of income growth.
Therefore, a two step regression procedure is involved. This approach estimates the relation between higher human capital investments and economic performance through a bridging indicator. The latter represents the concrete transmission channel of the human capital impact. For example, education spending contributes to the training of a skilled labour force in the first stage. In the second stage, the induced increase in skills is expected to improve the economic performance, as measured by higher productivity and income growth.
For illustration purposes, the impact of scientists and researchers on economic growth is explored using the two step procedure. In particular, more scientists trigger an increase in the number of people working in high quality jobs. This in turn should lead to higher growth of income per capita. The results are shown in table 1. As the variables need to be known over the same cross sections, the regressions are based on 185 NUTS2 regions, including 7 Norwegian areas.
- Table 1 about hereAll coefficients are well signed. In the first step, a positive relationship can be detected between core workers and scientists. In particular, an increase in scientists raises high skilled jobs to a larger extent. The fitted values from the former regression have a positive impact on growth in the second step. The negative sign of initial income reflects convergence of per capita income. Regional convergence takes place with a rate of 1.3 percent per annum.
Constructing composite indicators
As human capital has many facets, univariate indicators are not sufficient to describe the entire phenomenon. For example, the years of schooling is an important ingredient, but can be a biased estimate of the total stock of knowledge. Apart from missing values problems, the construction process can be described as a three step procedure. First, the ingredients of the overall index have to be selected. The is bounded to the unit interval, where larger values represent a higher information content. As the true stock of human capital is unknown, the ratio (1) cannot be computed.
This would require a second imperfect measure P 2 =H+ε 2 , where the measurement error is also white noise. Given that ε 1 and ε 2 are uncorrelated, the covariance between P 1 and P 2 can be used to approximate the variance of H. Thus, the reliability ratio for the first indicator can be estimated by
1 1 2 cov( , ) var r P P = 1 P that is, by means of the slope coefficient of an OLS regression of P 2 on P 1 . In principle, this regression gives an idea how well P 1 is able to explain the true human capital stock because the measurement error in the dependent variable (P 2 ) is expected to be absorbed by the usual regression disturbance without any biases. It should be emphasized that the measure (2) displays useful information only if P 1 and P 2 are already reliable measures, i.e. that they need to be unbiased and consistent. Deviations from the true human capital stock are supposed to be random. Systematic patterns in measurement errors can invalidate the whole concept. These assumptions can be relaxed to some extent (De la Fuente and Doménech, 2006). - Table 2 - Table 3 about hereAll univariate measures are able to explain a substantial part of the human capital stock.
Multivariate indicators of human capital
However, their reliability ratios range only between 0.1 and 0.2, implying that the bulk of the variable is not captured by the indicators. Schooling (all students) and human ressources in science and technlogy outperform R&D expenditures in a region, as the reliability ratios are doubled.
Labour income measures of human capital
Labour based income measures of human capital are constructed using microeconomic Therefore, the two-step Heckman selection procedure is applied to overcome the resulting censoring problem (Heckman 1979) . In fact, the decision to work can be captured by a binary choice model, The first step refers to the probability to work, given the individual and household characteristics. The probability to participate (P i ) Note that the sign of the coefficient of the inverse Mills ratio can provide useful information, as it indicates the correlation between the unobservables in the participation (5) and outcome equation (7). It shows how the wage affects the probability to work. In this sense, the standard t-test of the null hypothesis θ=0 can therefore be interpreted as a test of no selection bias.
The model is estimated with the same explanatory variables for the participation and outcome equation. As usual, the identification hinges on the non linearity of the inverse Mills ratio. However, the problem with such a model without further restrictions is that it may result in substantial collinearity between the predicted inverse Mills ratio and the remaining covariates in the outcome equation. Hence, exclusion restrictions are used in the subsequent analysis, and they refer to household characteristics.
Estimation is done separately for women and men, because of their heterogeneity with respect to participation and wages. According to Mincer (1965) , the dependent variable is the log of the hourly wage. Regressors for the participation equation (5) table 4 for the results.
- Table 4 Using the wage equation, the uncensored expected value for the underlying wage E(y * ) can be inferred. It is obtained as the predicted average of the dependent variable for the entire sample. Furthermore, the subgroup of the labour force without job qualification is considered separately. As a final step, the uncensored wage is multiplied with monthly hours worked. By using individual expansion factors, average monthly wages are calculated for each federal state. This reflects the regional earnings potential, see table 5 for the results.
- Table 5 about hereAverage income can be also estimated for low qualified workers, see the lower part of table 5. The differences between averaged income per person and averaged income per low qualified worker can be interpreted as a skill premium. Furthermore, high skill premia can be seen as an indication for excess demand of human capital, implying that the available ressources are too low. In fact, the correlation between the composite indicator based on the factor model and the skill premia is negative for the German regions, -0.29. While this coefficient has the expected sign, it is not overwhelmingly high in absolute value. This also points to an impact of the construction principles on human capital indicators.
Policy implications
The accumulation of the human capital stock plays a key role for the macroeconomic performance across regions. Despite the strong theoretical support for this claim, the empirical evidence has been not very convincing, probably because of the low quality of the data. This paper makes progress in providing a robustness analysis of alternative measures of human capital available at the level of EU NUTS1 and NUTS2 regions. Overall, the analysis would certainly benefit from higher data quality. Strong effort is indispensable to fill the gaps in the existing databases. 
